Suppose two Matisse paintings with identical characteristics were put up for sale. However, one of the paintings had previously been sold in a "hot" market for a high price and the other had been sold in a "cold" market for a low price. Would the painting that previously sold in the "hot" market fetch a higher price at auction?
Suppose two Matisse paintings with identical characteristics were put up for sale. However, one of the paintings had previously been sold in a "hot" market for a high price and the other had been sold in a "cold" market for a low price. Would the painting that previously sold in the "hot" market fetch a higher price at auction?
Anchoring is one of the most powerful and well-established biases in laboratory experiments. A classic example is given in Amos Tversky and Daniel Kahneman (1982) when subjects are asked to estimate a number (for example the percentage of African countries in the United Nations). The experiment begins by the subjects being given a number between 1 and 100 that is determined by a spin of a wheel. The subjects then show a bias in their final estimates toward the number they were originally given. Such overweighting of often irrelevant initial cues in judgement has been documented in a wide range of laboratory experiments.
1 Yet very little work has been done to establish the presence of the anchoring heuristic in real economic situations. 2 We test for anchoring effects both on actual prices in art auctions, and on experts' presale valuations.
In order to separate anchoring (where an irrelevant message has an effect on the outcome) from rational learning (where past prices are not irrelevant because they may be used to estimate unobservable quality) we use the following strategy. We first develop a hedonic prediction of price for both the current sale (e.g., the 2006 sale) and the previous sale. These hedonic predictions are based on observable characteristics of each painting and an index of overall prices. We then regress actual sale price on our hedonic prediction, on the difference between the actual price in the previous sale and our hedonic prediction (this expression tests for anchoring), and on the difference between the actual price in the previous sale and our hedonic prediction of price in the previous sale (this expression controls for unobservable characteristics). The test for anchoring is the extent to which the actual price in the previous sale affects the current sale price. We can identify anchoring from other effects because the demand for art, which is captured by the average overall price index, changes over time, whereas the unobservable component of quality is assumed to remain constant between auctions. This allows us to control for unobserved quality characteristics. As long as something drastic has not happened between sales-such as a painting has been deemed a fake, which is a very rare occurrence-the assumption of constant quality is a realistic one. This paper finds that the current price is influenced by the previous price. In an auction environment, this implies that bidders are anchoring their bids (either on the previous price or the presale estimate). The evidence does not, however, confirm whether sellers and auctioneers are also anchoring or are simply responding to anchoring on the part of the bidders.
The paper proceeds as follows. In Section I we describe art auctions and in Section II we describe possible anchoring effects in art auctions. In Section III we construct our empirical model and describe the intuition behind the empirical model. In Section IV we present our regression estimates, and in Section V we interpret and conclude our analysis.
I. How Art Auctions Work
If a person wishes to sell a piece of art, he has the choice of taking it to a dealer or to an auction house. The major auction houses are the English houses of Christie's and Sotheby's. An art expert at the auction house will provide advice on the likely valuation of the painting, and together the seller and the expert will come up with a secret reserve price.
Prior to an auction, a presale catalogue is published with information on the individual items coming up for sale. Included in the presale catalogue is information on the title of a painting, the artist, the size of the painting, and the medium. The auction houses also publish a low-and a high-price estimate for the work. The auction house does not publish, and indeed is very secretive about, the seller's reserve price for the work of art. The auction houses observe an unwritten rule that the published low estimate is set at or above the secret reserve price.
Almost all art is auctioned in the "English" or "ascending price" format. Bidding starts low, and the auctioneer subsequently calls out higher and higher prices. When the bidding stops, the item is said to be "knocked down" or "hammered down," and the final price is the "hammer price." Not all items that have been put up for sale and "knocked down" have been sold. If the bidding does not reach the level of the secret reserve price, the item will go unsold. Auctioneers say that an unsold item has been "bought-in." It may be put up for sale at a later auction, sold elsewhere, or taken off the market.
The important participants in art auctions are the buyers, the sellers, and the auctioneers. The auctioneers employ professionals who use their "expert knowledge" of art and the current state of the market to develop presale estimates. The buyers and sellers are primarily a mixture of professional art dealers and private collectors. All three of these participants generally know the price at which a painting previously sold at auction. The auctioneer is usually happy to provide this information to buyers who are interested in a painting and to sellers of a painting. Buyers and sellers can also find this information themselves currently through a number of online providers of art auction prices, and historically through print versions of art sales prices such as the Art Sales Index.
II. Anchoring in Art Auctions

A. Buyers
In the absence of sellers' reserve prices in art auctions, all items would be sold (no sample selection issues), 3 and the price would be the valuation of the second highest bidder. Observed effects would be entirely attributable to the buyer, anchoring on either the previous sale price or the presale estimate. Anchoring might be relevant to a buyer in determining his reservation price because paintings are unique items. In the psychology literature, it is generally perceived that anchoring effects are stronger in the absence of other clues. Hence, even after controlling for all painting characteristics, the nominal value of the previous sale price can influence a buyer's valuation.
B. sellers
In the presence of sellers' reserve prices, anchoring effects can also be attributed to the seller. If there is only one bidder who is willing to meet the seller's reserve price, then the painting will sell at the seller's reserve price. Therefore, if the seller's reserve price is influenced by anchoring, so may be the selling price. As with buyers, past prices may influence the seller's perception of the true value of the painting. Past prices may influence the reserve price for a further reason if the seller exhibits loss aversion as in Kahneman and Tversky (1979) . If the seller regards the previous price as a reference point with respect to which gains and losses are measured, then a high past price will lead to a high reserve price. The reserve price is of course set by negotiation with the auctioneer and the latter may be more interested in a quick sale than the seller, so this effect may be mitigated. 4 The difficulty in measuring anchoring effects with regards to sellers is that the reserve price is secret and is therefore not observed. However, if sellers alter their secret reserve price because of anchoring or loss aversion, and bidders do not alter their bids, then one would expect these differences to affect the probability a painting sells.
C. Auctioneers
Anchoring effects in the auctioneer's presale estimates can occur for a variety of reasons. First, in publishing a presale estimate, the auctioneer may simply be trying to predict the price at which a painting sells in order to release more information to the market. Indeed, in conversations with experts at Christie's, an expert stated that the aim was that the actual sale price would be in the middle of the low and high estimate. Paul R. Milgrom and Richard J. Weber (1982) argue that a commitment to release all information available to buyers will be profitable for auctioneers when values are affiliated. If this is the case and if buyers use the anchoring heuristic, then the experts should do so as well. Secondly, as with buyers, the nominal value of the previous sale price may be influencing the experts' valuations.
5 Finally, as the presale estimates are often set in negotiation with the sellers, and the convention is observed that the secret reserve price is at or below the low estimate, the seller's behavior may be influencing the auction experts. The possibility is present that the auctioneer's estimate, being an expert opinion, can influence both buyers and sellers and thus prices at auction, if this opinion is widely believed. In this case, auctioneers' experts could be using previous prices as an anchor when setting the presale estimate, and buyers and sellers could be using the presale estimate as an anchor. 4 See, for example, Greenleaf and Atanu Sinha (1996) for further discussion of the differing incentives of the auctioneer and seller with regard to the reserve price.
5 As argued by Northcraft and Neale (1987) . 6 In real estate the buyer is normally willing to accept the listing price and so this may bound the maximum price that can be achieved. There may therefore be a trade-off between a lower asking price to achieve a quick sale and a higher one to boost the price (see, for example, Abdullah Yavas and Shiawee Yang 1995) . In auctions the estimate is less important as a bound and so this strategic issue is perhaps less important. 7 Christopher N. Avery and Judith A. Chevalier (1999) provide a description of the ways in which expert predictions can represent sentiment in the football betting market. Jiangping Mei and Michael Moses (2005) show that estimates for expensive paintings have a consistent upward bias and that some buyers are credulous.
In summary, anchoring effects on the sale price (with no effect on the probability of sale) imply anchoring on the part of the bidders, either on the previous price or on the presale estimate. They are consistent with anchoring effects on reserve prices, because sellers are subject to anchoring or are simply responding to anchoring on the part of the buyers, but need not imply anything about sellers' behavior. Anchoring effects on the presale estimate imply that auctioneers are either anchoring on the previous price or are responding to anchoring on the part of the bidders. Anchoring effects on the probability of sale would imply that behavior on the part of the sellers and auctioneers is inconsistent with anchoring behavior on the part of the buyers. Below, we measure anchoring effects on sales prices, on auctioneer's presale estimates, and on the probability of sale.
III. The Empirical Model
Our empirical strategy is similar to that of Genesove and Mayer (2001) . We construct a predicted price for each painting of the form
X represents hedonic characteristics of the painting and d t is a time-specific effect.
We then estimate an equation of the following form:
(2) PR 5 mp 1 l 1P 21 2 p2 1 j 1P 21 2 p 21 2.
PR denotes either the sale price, the presale estimate, or an indicator variable equal to one if the painting sells, and zero otherwise; for convenience time subscripts have been dropped. We work in logs, which amounts to the assumption that the influence of past prices is felt in relative rather than absolute terms. Price is denoted by P, and the subscript 21 denotes value at the previous sale. Anchoring is captured in the expression P 21 2 p, specifically by the extent that last period's price affects the dependent variable. The prediction is included in the expression P 21 2 p, in order to clarify how anchoring is identified from other effects. We need to consider possible biases in our estimation procedure. In particular, past price may influence the hedonic prediction because there may be components to quality that are not captured by the observable characteristics but that are observed either by the auctioneer, the buyers, or the sellers, or which the participants use past prices to learn about. The term P 21 2 p 21 captures these effects, using the identifying assumption that no new unobserved quality was introduced between the previous auction and the present auction.
8 It is very unusual to have quality changes between auctions. Paintings are generally very well preserved, and in this dataset it is rare that paintings become known as fakes or that the attribution of the artist changes. Any information about the quality of the painting contained in P 21 (past prices) but not reflected in p 21 (past price predictions) will be contained in P 21 2 p 21 . In the absence of anchoring effects, P 21 should not appear separately in the regression. Since the demand for art, captured by the price index, varies over time, anchoring is identified: the terms P 21 2 p 21 and P 21 2 p are distinct.
Note that anchoring is measured in nominal terms, as is common in the literature. It is straightforward to adjust P 21 , or equivalently p, to allow for real effects such as inflation. With the current specification of the hedonic model, one cannot, however, allow for real effects relative to the general art index. This would be equivalent to replacing 1P 21 2 p2 by 1P 21 2 p 21 2 and so one could no longer separate reference point effects and unobserved quality.
IV. Data and Estimation
A. The data
In this paper, we use two datasets, a dataset on Impressionist and Modern Art auctions and a dataset on Contemporary Art auctions, as described in the Data Appendix. The Impressionist and Modern Art dataset contains 5,903 full observations (items with observable characteristics) on paintings auctioned in London, and 6,154 observations on paintings auctioned in New York between 1980 and 1990. The Contemporary Art dataset contains a total of 3,447 full observations on items auctioned at Christie's King Street in London between 1982 and 1994. We have restricted the original Contemporary Art dataset to artists who have appeared at least twice during the period. We use all of these observations to predict prices. Although these datasets are large in themselves, there are in actuality a relatively small number of sales that can be positively identified as repeat sales.
9 This is a problem specific to working with sales of art. While there are some datasets, such as the dataset put together by Mei and Moses (2002) , that deal with large numbers of repeat sales over huge expanses of time in varied locations, the large time intervals in their dataset between sales make it likely that the seller is not the same person who originally purchased the painting. Furthermore, anchoring is much more likely to be identified in a dataset such as ours where the average holding period is about 3 years, rather than in a dataset such as Mei and Moses's, where the average holding period is 28 years.
We make use of these datasets in two ways. First, we use observations in the datasets in which we have information on all hedonic characteristics in order to estimate the expected selling price. Due to currency differences (and not wishing to convert British pound sales into dollar sales because we are looking for reference points), we estimate separate hedonic equations for Impressionist Art in London, for Impressionist Art in New York, and for Contemporary Art. In our primary specifications we use only actual prices (information on sold items). However, as this truncates the dataset below the seller's reserve price and leads to biased estimates of actual prices-and may bias downward any anchoring effects-in another specification we use all items that were auctioned and proxy the selling price with 80 percent of the low estimate for items that went unsold at auction. 10 Second, we use observations in which we have positively identified a first sale and a second listing in order to determine the extent to which presale low estimates are influenced by a reference point. In total, this consists of 47 paintings of Contemporary Art and 94 paintings of Impressionist and Modern Art. For the latter, we use only paintings that appeared in the same location (either New York or London) the second time as the location they were purchased in during their first appearance. This restriction is in order to mitigate substantial exchange rate effects on the reference point for the paintings. Summary statistics for these datasets are shown in detail in Tables 1 and 2. 9 By positively identify, we mean we have looked up the paintings and compared pictures in the presale catalogues to ensure the paintings are identical. Many paintings can have the same artist, title, and dimensions and yet be different paintings. 10 William N. Goetzmann (1996) demonstrates the bias in sale prices. In the trade, secret reserve prices are generally considered to average about 80 percent of the low estimate. A bias in the measurement of anchoring effects could arise if the secret reserve price is not adjusted downward to the same extent as the buyer's valuation is adjusted downward after a painting has sold in a "cold" market. We cannot observe the anchoring effect for these paintings because these items go unsold.
B. Hedonic Predictions
For the hedonic predictions of price, the log of the sale price is regressed on the hedonic painting characteristics in addition to half-year time dummies for each period. The hedonic characteristics used for Impressionist Art are: painting date, length, width, signed, monogrammed, stamped, medium in which it was painted, and artist. The following hedonic characteristics are used for Contemporary Art: painting date, length, width, medium, and artist. For Impressionist Art, we estimate separate equations for paintings sold in London and paintings sold in New York. In Table 3 below we report the results of the hedonic regressions; prices and all characteristics are in logs. There are two things to note about the hedonic regressions. First, we are explaining a lot of the variation in price with the hedonic regressions (the R 2 for London and New York is 0.75 and 0.79, respectively, for Impressionist Art and 0.83 for Contemporary Art). If only time and artist dummies are included in the regressions, the R-squareds drop to 0.36 and 0.60, respectively, and if only time dummies are included, the R-squareds drop to 0.18 and 0.28 (these regressions are not reported). Secondly, our observable characteristics are highly significant. Size, painting data, and signature really do make a difference to the price of a painting! 11 11 Hedonic regressions have been used extensively in estimating indices for art. See Orley Graddy (2003, 2006 ) for a summary. Note: Standard deviations are in parentheses. a The sale price for unsold items in columns 3 and 4 and columns 7 and 8 is proxied by 80 percent of the low estimate. In Figures 1 and 2 , we plot the price indices for the two datasets using all prices, where the price for items that were unsold is replaced by 80 percent of the low estimate.
12 This is constructed as the exponential of the coefficients on the half-year date dummy variables. The price indices are important, as it is the change in the price index, coupled with the assumption that the unobservable quality of a painting remains the same between sales, that allows us to identify anchoring effects. There are a few things to note about Figure 1 . First, there is a very large rise in price from about 1985 to 1989, and then a drop-off at the end. In Tables 4 and 5 , we are primarily relying on the times when there is a general market gain or loss to estimate the anchoring effects. In the Impressionist dataset, there are 84 gains, but only 13 losses. Further, as we have included a half-year rather than a full-year index, the index appears more volatile than indices in which a full year is included. This is because the coefficients on time are capturing some unobserved quality effects between auctions. Figure 2 plots the index for Contemporary Art. For Contemporary Art, very often the halfyear time dummies encompass only one sale. For example, there is a huge spike coincident with the sale on November 30, 1989. The average price for this half year was approximately twice the average price for the preceding half-year period. This was immediately before the crash in 1990. Again, because some sales are more "important" than other sales, the time dummies are also picking up unobserved quality effects. In the Contemporary Art dataset, there are 27 gains and 20 losses. To construct the hedonic predictions and the indices, we used hammer prices, and not prices including buyers' commissions, as we believe buyers, sellers, and auctioneers focus on hammer prices fetched at auction. We relax this assumption in Section IVD.
C. Anchoring Effects
Tables 4 and 5 report OLS regression results for the regression equation outlined in equation (1) above. In addition to the variables described in equation (1), we control for the months since the previous sale in the regression. We use levels, rather than logs, for this variable, as the fit is better. 1983 1984 1985 1986 1987 1988 1989 1990 1991 1993 1994 Year Figure 2. Contemporary Art, 1992 -1994 We use different samples in the different columns. In columns 1 and 4 we use only sold items in the regressions; the dependent variable in column 1 is the actual price fetched at auction-the hammer price. In columns 2 and 5, we restrict the sample to sold items that were reauctioned within 3½ years of the first sale. In these equations we are testing whether anchoring effects are stronger for items brought back more quickly after the first sale. We chose 3½ years as a cutoff point to allow enough observations for the regressions (which is especially important in the Contemporary Art dataset), while at the same time allowing a shorter period of time between Note: Standard errors are calculated using Stata's robust estimation method. a Prices for unsold items are proxied by 80 percent of the low estimate. sales; the results are very robust for both samples to the choice of cutoff point around 42 months. Again, in column 2 of both tables, the dependent variable is the hammer price. In columns 3 and 6, we use information on all items put up for auction, and we proxy the sale price for unsold items by 80 percent of the low estimate. The results for Impressionist Art indicate there are strong anchoring effects. The interpretation of the coefficient is that a 10 percent positive difference between the previous sale price and the hedonic prediction would lead the final price to be adjusted upward toward the previous price (the anchor) by between 6.2 percent and 8.5 percent of this difference, depending on the specification, with symmetric results for negative differences. 13 The results for the presale low estimate are very similar to the regressions that use price as the dependent variable. The results are very similar whether all items are used, with price replaced by 80 percent of the low estimate, or whether only sold items are used. Finally, the results indicate that anchoring effects are stronger for items that are reauctioned more quickly after the first sale.
Anchoring effects do not appear to have been as large in the Contemporary Art dataset, though for items that are sold within 3½ years, a 10 percent positive difference between the previous price and the hedonic prediction would lead the final price to be adjusted upward toward the previous price (the anchor) by about 5 percent of this difference, with symmetric results for negative differences. Anchoring effects are very much stronger for those items that have returned to auction within 3½ years of the first sale. The lack of significance in column 1 could be attributed to truncation bias in that only sold items are used. Indeed, in column 3, we get marginal significance at the 5 percent level if prices for unsold items are proxied by 80 percent of the low estimate. Another explanation could be that the meteoric rise and fall in contemporary art prices during the sample makes past prices less obvious as an anchor, though when only items that were sold within a shorter period of time are used as in column 2, anchoring effects are very strong.
Overall, the anchoring effects for the presale estimates for Contemporary Art appear to be slightly stronger than the anchoring effects on prices. A 10 percent positive difference between the previous price and the hedonic prediction would lead the final price to be adjusted upward toward the previous price (the anchor) by between about 3 and 7 percent of this difference depending on the specification, with symmetric results for negative differences. The anchoring effects are statistically significant in all samples in which the presale low estimate is the dependent variable.
The coefficient on predicted value is not significantly different from one in any of the regressions, except marginally in column 4 of Table 4 . The regressions also indicate that the hedonic model, as expected, does not pick up all fixed effects. The coefficients on lagged residual are significant in some specifications, though not in the specification when only items are used that have been brought back to auction within 3½ years.
D. Robustness checks
To check for robustness, we have separated out the fixed effects from the time effects in the prediction variable, but find that the coefficients on each are not significantly different from one another. We also tried different specifications for the prediction equation, using only time effects and artist dummy variables, or using only time effects. These different specifications made no difference to the estimated coefficients for Impressionist Art. When artist and time dummies are both used for the prediction equation in the Contemporary Art sample, the estimated coefficients are also virtually identical to when all observable variables are used. These checks appear to indicate that the exact choice of observables in our prediction equations is not influencing our results. The point estimate for the anchoring effect increases slightly in the Contemporary Art sample only when time dummies alone are used for the prediction equation, but is still within one standard deviation of our estimates in Table 5 . We are now using a poor predictor, and so past price is more informative about unobserved quality, but our estimation controls for this. The coefficient of the lagged residual becomes larger, as one would expect, but the point estimates of the anchoring effects are not significantly changed. Hence, our results seem robust to choice of the prediction equation.
As discussed above, the anchoring effects for the regression estimates are based on the hammer prices. The regression estimates with the buyers' commissions added in are very close to being identical to the regression estimates without buyers' commissions. Buyers' commissions were 10 percent on all paintings in both datasets before 1993. Buyers' commissions on paintings in the Contemporary Art dataset that were sold in 1993 or later were 15 percent on the first $30,000 and 10 percent on amounts greater than $30,000. We have little information on sellers' commissions. During the period in question, Christie's and Sotheby's would vary the sellers' commissions or waive the sellers' commissions completely as they were competing with one another for paintings. Our data come largely from the period before any price fixing on commissions took place at the auction houses.
An interesting check would be to test whether individuals were anchoring on real prices or nominal prices by deflating prices by the art index (using CPI as a deflator had no effect, as changes in art prices swamp changes in CPI). However, as noted above, it is precisely changes in the art index that identify the reference point effect from the error correction term. 14 In our presale estimate regressions, we used the low presale estimate as the regressor because of its relationship to the secret reserve price. As another check, however, we looked at the effect of reference points on the high estimates. Again, the results are very similar to our results when using low estimates.
E. The Probability of sale
We also estimated a probit model to predict whether an item is sold based on the entire range of independent variables in Tables 4 and 5: using the Wald test, we could not reject that the coefficients on all the variables were simultaneously zero. 15 We interpret this result to imply that reference points have no effect on the probability of sale. Thus, while the auctioneers' and sellers' behavior may exhibit reference point effects in choosing the low estimate and secret reserve, it does so in a way consistent with buyers' behaviour.
V. Interpretation
In this paper, we have found strong support for anchoring effects. We interpret these effects as anchoring on the part of the buyers, with the sellers and auctioneers either anticipating anchoring 14 A referee suggested that we rerun the hedonic regressions, allowing for taste changes over time. We were able to do this for the Impressionist Art sample by interacting artist fixed effects with yearly fixed effects (using year dummies rather than half-year dummies). We then adjusted last period's price by the price index as estimated from the hedonic regressions and reran the regressions in Table 4 . We did not find any significant anchoring effects in any of the regressions, cautiously suggesting that individuals anchor on nominal prices rather than real prices. 15 For Impressionist Art, the chi-squared (5) is 6.91 resulting in a p-value of 0.2275, and for Contemporary Art, the chi-squared (5) is 6.43, resulting in a p-value of 0.2670. on the part of the buyers or exhibiting similar anchoring effects themselves. In our working paper (Beggs and Graddy 2005) , we found no evidence of asymmetric effects between gains and losses. Buyers are unlikely to exhibit loss aversion, as they do not possess the painting. Botond Ko ″ szegi and Matthew Rabin (2006) argue that sellers in markets, as opposed to laboratories, may also not exhibit loss aversion if they are expecting to trade and so do not regard owning the objects as their reference point. Furthermore, in an auction environment, loss aversion would as likely show up in items not being brought to market as in prices, which again we find some evidence for in Beggs and Graddy (2005) .
Reference dependence and anchoring are often used interchangeably. Kahneman (1992) , however, defines reference dependence as something that influences the reference point in the measurement of gains and losses when they are valued asymmetrically, anchoring as something that influences judgement of what is normal more generally. Our evidence supports Kahneman's definition of anchoring but does not support Kahneman's definition of reference dependence.
As noted in the introduction, anchoring often results in bias. In this study, however, we do not find that the presale estimates are biased relative to the final prices. The bias for both final prices and presale estimates is shown relative to a statistical prediction of the price that should occur, given current market conditions and observable characteristics of the painting. We interpret this finding as anchoring.
Data Appendix
The first dataset, on Impressionist and Modern Art auctions, was constructed by Orley Ashenfelter and Andrew Richardson. This dataset is restricted to 58 selected Impressionist and Modern artists and includes only paintings, not sculpture. These artists were chosen primarily because their work is well represented at auction. The period covered is 1980 to 1990, and the dataset includes over 16,000 items in 150 auctions that were held in London and New York at both Christie's and Sotheby's. The auction prices were collected from public price lists, and the estimated prices and observable painting characteristics were collected from the presale catalogues. This dataset does not include all items sold in each auction, only a sample of the 58 selected artists. Furthermore, we have prices only for items that were sold at auction. This dataset has been used in Richardson (1992) , John M. Abowd and Ashenfelter (1989) , Beggs and Graddy (1997) , and Ashenfelter and Graddy (2003) . For the dataset used in this paper, we took only those observations for which we have information on all observable characteristics, leaving us with a total of 12,057 observations. The second dataset is a dataset on Contemporary Art that was constructed by Kathryn Graddy and includes all sales of Contemporary Art at Christie's auction house on King Street in London between 1982 and 1994. The data were gathered from the Christie's archives, and for each item the observable characteristics were hand-copied from the presale catalogues. The information on whether or not a lot is sold and the final bid from 1988 onward was taken primarily from Christie's internal property system. Before 1988, many of the lots were missing from the internal system. It appeared that, after a certain period of time, some of the lots were deleted from the system, for no predictable reason. From December 1982 through December 1987, access to the auctioneer's books was obtained and used to track the missing items. The Contemporary Art dataset includes 35 auctions and approximately 4,500 items for sale. This dataset has been used in Beggs and Graddy (1997) , and Ashenfelter and Graddy (2003) . For this paper, we restricted the dataset in two ways. First, we use only items for which we have information on all observable characteristics, and we use only items created by artists for which we have at least two observations.
